INTRODUCTION
to compute the distance between two clusters, rather than single or complete linkage which takes only 167 one cluster element into account when computing the distance (Kaufman and Rousseeuw, 1990) .
168
Beta diversity metrics or distance measures 169 We took Koren et al. (2013) 's study as reference, because they evaluated beta diversity metrics' influence 170 on the clustering results of microbiome samples, which is similar to our goal here. They recommended 171 comparing at least 2 or 3 different distance measures in the clustering process; we chose to compare 5 172 distinct measures. Those were chosen from a large list available in the R vegan package (version 2.3-1) 173 (Oksanen et al., 2015) , based on suggestions from the work of Koren et al. (2013) and a comprehensive 174 study ranking all available beta diversity measures with abundance data (Barwell et al., 2015) , which 175 compared multiple quantitative and qualitative properties. 176 First, we selected well-extended Jensen-Shanon Distance (JSD), rootJSD and Bray-Curtis, due 177 to they are used in our reference study (Koren et al., 2013) . Then, in addition, because our method is 178 independent of the availability of a phylogenetic tree associated to the OTU count matrix, we choose 2 179 additional metrics from Barwell et al. (2015) to replace the phylogenetic tree-dependent Unifrac metric 180 (weighted and unweighted) used by (Koren et al., 2013) . Although there was a precedent study with 181 23 presence-absence beta diversity metrics (Koleff et al., 2003) , we decided to focus on the richer 182 metrics with continuous species abundance Barwell et al. (2015) . In general, abundance metrics are 183 less biased than presence-absence ones when under-sampling. (Barwell et al., 2015) compares 29 beta 184 diversity measures with 23 assorted properties. We chose the Morisita-Horn and Kulczynski metrics 185 from amongst the almost thirty analyzed metrics, taking into account the overall ranking and some specific 186 individual properties that are more important for our use of beta diversity metrics as distance measures in 187 clustering. Morisita is the highest scored beta diversity measure according to the comprehensive set of 188 properties analyzed in Barwell et al. (2015) ; although we must select the Morisita-Horn implementation 189 (the third best scored) since we work with normalized relative abundances. In addition, both Morisita and 190 Horn-Morisita have been described as being "able to handle different sample sizes" (Wolda, 1981) , which 191 is an important characteristic in our studies, where the re-used longitudinal microbiome datasets vary 192 dramatically in size. Kulczynski, meanwhile, is the next-best ranked metric among those available in the 193 R vegan package, ranking sixth out of 29 metrics. Kulczynski is characterized as and 194 "found to have a robust linear (proportional) relationship until ecological distances became large" (Faith 195 et al., 1987) . Clustering assessment: Fig 1.2 shows that two clusters are identified by our method; k=2 presents 280 the highest SI value (0.431) in PAM with the JSD metric (with additional metrics above the 0.25 limit)
281
(first column), and also passes the robustness threshold of PS with 0.935 (second column) and the stability 282 threshold of Jaccard similarity with 0.964 (third column).
283
Cluster interpretation: Fig 2. B shows that the 2 clusters largely correspond to immature/young 284 chicks and mature/adult chicks, reinforcing the conclusion of the original manuscript, which showed 285 chick age to be the primary differential factor among samples. clusters that could be robustly partitioned (see Fig 1.4) . The highest SI value (0.749) is achieved with 311 PAM algorithm and Morisita-Horn metric for k=4, with all remaining metrics higher than the SI threshold.
312
The robustness and stability of these 4 clusters are also verified by outperforming the Prediction Strength 313 and Jaccard similarity limits (0.897>0.8 and 0.911>0.75, respectively).
314
Cluster interpretation: When we analyse the microbial composition of the 4 clusters shown in where sub-states would be applied might be necessary to conclude which clustering configuration is more 364 suitable than others. 
DISCUSSION

366
Our analysis suggests that, in general, an agglomerative approach (such as PAM) is more suitable than a 367 hierarchical partitioning (such as Hclust) in our microbiome clustering scenario, where we are trying to 368 optimize the number of distinct sub-states to make more precise biological associations, for example, for 369 the purpose of defining biomarkers. As such, we attempt to avoid singletons or very small clusters (with 370 size < 5). In our analyses, Hclust tends to often generate just 2 clusters, according to the limit established 371 by the robustness PS score (see central columns of supplementary figure S1), leading us to suggest that it 372 10/15
is not suitable for this task. The final bootstrapping step, measured in Jaccard similarity terms, determines that PAM partitions represent valid and stable clusters, with almost all k values. This contrasts with
